interest rate, exchange rate, unemployment, as well as the gap between agricultural productivity and increasing demand for food. In addition to the drivers of the increased agricultural commodity prices are policy decisions by decision/policy-makers, which go a long way to mold the destiny of an economy. However, the hike in oil price stands out among these factors. It is seen as the paramount driving force for high agricultural prices (see FAO 2008; Mitchell 2008 and OECD 2008) .
Furthermore, there exists a burgeoning literature that explored the causal explanation of the global food price crisis (see Herndon 2008; Rosegrant 2008; Trostle 2008, Alola and Alola 2018) . These studies have attributed the explanation to exchange rate volatility. For example, Trostle (2008) attributed the increase in agricultural food price to the weakness of the US dollar, which translates into a more competitive export market and thus spurs foreign demand for commodity prices volatility. Additionally, climate change is also expected to lower yield and increase variability in many production processes as are reflected in high food prices (Irz et al. 2012) .
Previous empirical studies on the food-price inflation dynamics of an agricultural commodity like Baek and Koo (2010) and Lambert and Miljkovic (2010) for the case of United States especially have a common feature of examining the theme via graphical, descriptive and simulation approaches. In addition, to the best knowledge of the authors only the studies of Baek and Koo (2010) , and Lambert and Miljkovic (2010) only examined the theme with cointegrated vector autoregressive model. Thus, the motivation for this study is to fill the identified gap by examining the food price inflation spillover nexus for the case of Nigeria, which is known to be plagued by the high inflation rate. Until now, little is known regarding the casual explanation(s) to the theme for sub-Saharan Africa (SSA) especially Nigeria. Thus, to the best of the authors' knowledge, this study is novel for a few reasons. Firstly, the study contributes empirically to the food-inflation spillover nexus for a large array of major import agricultural commodity prices. Simply put that, our study seeks to investigate to what extent inflation spillover is explained by the selected agricultural commodity prices for the studied area. Secondly, our study contributes to the scanty empirical literature on the theme by leveraging on recently developed generalized forecast error variance decomposition methodology of Diebold and Yilmaz (hereafter DY) to examine the level of interdependencies among variables under consideration. Thirdly, we examined the rolling window analysis in order to explore both cyclical and secular movements to capture episodes that may be responsible for the magnitude of spillover for the selected agricultural commodity prices. The modified version of the DY approach in measuring spillovers has become popular in the empirics given that the technique itself is recent. Few studies have employed the technique (see Louzis 2012; Duncan and Kabundi 2013; Nishimura et al. 2015; Alola et al. 2019) . Furthermore, in the African context empirically using the generalized vector auto-regressive (GVAR) methodology, multivariate generalized auto-regressive conditional heteroscedasticity (MGARCH) as estimation techniques, Katusiime (2019) investigated the relationship between oil and food price volatility in conjunction with some macroeconomic variables while considering financial stability for the case of Uganda. The empirical outcome from the GVAR and MGARCH shows low level of volatility spillover and market interconnectedness among the variables under review with just the exception of crises period. In Nigeria Fasanya and Akinbowale (2019) explored the interconnectedness among selected agricultural commodity crop prices and crude oil prices using the novel DY techniques. Empirical results from their study show that the returns spillover exhibits trend over the investigated period with no burst. On the other hand, the volatility spillover exhibits both trend and burst characteristics over sampled period.
Thus, based on the above highlights, the current study examines the dynamic spillover of price inflation across different cash crops in Nigeria over recent time-series dataset. The justification for this investigation is timely and informative to stakeholders in the agricultural business and policymakers after the 2006-2008 global food crisis. Empirical evidence shows high interdependencies among the selected agricultural commodity prices and price inflation. Thus, suggesting significant correlation among the variables. Further analysis reveals that a negative net spillover for price inflation, indicating a net positive spillover for the selected commodity prices to inflation. In addition, cocoa, barley, groundnut, maize, rice were observed as net givers of spillover effect. Thus, the attention of stakeholder and government administrators should be focused on net givers rather than net receivers like sorghum, soybeans, and wheat.
The layout of this study is structured as follows: Sect. 2 focuses on agricultural commodity prices and inflation: the peculiarity of Nigeria. Section 3 presents data and methodology while next Sect. 4 detail on results and discussions. Section 5 presents the rolling window analysis while concluding remarks and policy implications are reported in Sect. 6.
Agricultural commodity price inflation dynamics: the peculiarity of Nigeria
Nigeria is a country in the African continent, located in the western region of the continent, specifically in the sub-Saharan Africa (SSA) bordering around Benin republic, Niger and Cameroon with a population of over 170 million, Nigeria has the highest population in Africa. Nigeria is reputed for being the largest economy with the economy relying heavily on crude oil production as her source of foreign exchange earnings. The Nigeria economy is known to be an agrarian state with huge arable land for agricultural cultivation and production. Most of the crops produced such as cocoa, coffee, rubber tea, cotton, palm oil, corn, rice, sorghum, millet, cassava among others have export potential and value. Statistics have shown that despite the latent potential of Nigeria agricultural sector with large arable land and abundant natural resources, there has been a noticeable diminishing contribution of the sector to national prosperity. The empirical study of Alene et al. (2009) revealed that back in the 1960s the agricultural sector accounted for over 65-70% of total export. This statistics have declined in recent times to 40% in the 1970s, and has trickled down to less than 20% in the 1990s and much more in recent times. A further threat in the peak of world food price hike experienced from 2006 to 2008. The aftermath is seen in general increase in agricultural commodity food market. The Nigerian economy over the years since the 1970s has witnessed high and volatile inflation. This inflation has spillover to the commodity market and the agricultural commodity market is not an exception, this was seen in the global 2006-2008 food crises and the effect has a great toll on the Nigerian food market severally with an obvious significant hike in agricultural commodities prices. The high inflation episodes experienced in the country is mainly driven by structural changes and macroeconomic indicators; further plausible explanation includes wage rise.
The selected agricultural crops for this study namely (groundnut, soybeans, sorghum, barley, maize, cocoa, rice, wheat) form the major crops in Nigeria. These crops are also known as cash crops given their inherent characteristics such as being a major staple food; they are the most produced and consumed in all parts of Nigeria. They also serve as a source of daily nutrition need giving their availability and affordability. In addition, these crops are the most traded agricultural commodities both domestically and internationally. Hence, they constitute the bulk of the commodity exports of Nigeria in the international market for grains. As noted by Akpan and Udoh (2009), the selected crops (rice, maize, millet, and sorghum) constitute a large fraction of staple food in Nigeria. This claim is further buttressed given that in the early 1980s precisely 1985 and 1995, cereals crops constitute almost 50% of Nigeria's total food supply in terms of grain equivalent. To this extent, the need to investigate their price movements and spillover effect in regards to an inflation-prone country like Nigeria is crucial with the recent novel methodology of Diebold and Yilmaz (2012) spillover index. The knowledge about the pattern and magnitude of the spillovers among the selected crops will inform agricultural business portfolio managers for diversification of crop selection bundles.
Methodology
As earlier stated, our study leverages on the methodology of Diebold and Yilmaz to quantify the spillover between inflation and the selected agricultural commodity prices under review. The DY approach is unique given its less computational requirements, which helps in characterizing various episodes and events. The DY index is structured in a vector autoregressive (VAR) model and variance decomposition framework. The DY index is dated to 2009, as advanced by Diebold and Yilmaz (2009) . However, the 2009 version of the DY index had the variance decomposition that is sensitive to the ordering of the variables as achieved by Cholesky factorization. The aforementioned procedure was flawed; in order to ameliorate the setback mentioned DY (2012) is an improvement on DY (2009) version with generalized VAR framework, which offers variance decomposition that is invariant to the ordering of variables after that of Koop et al. (1996) and Pesaran and Shin (1998) .
Thus, this section provides the econometrics procedure for the current study to measure the spillovers from inflation to the selected major import prices of agricultural commodity prices. Our study empirically follows the recently developed Diebold and Yilmaz (2012) methodology, which is an improvement on the DY (2009). The DY (2012) approach is structured under (VAR) model framework, which is known to be invariant to variance decomposition ordering (Koop et al. 1996) . The DY index reports four different spillovers indices namely; net spillovers, net pairwise spillovers, total spillovers and directional spillovers. DY methodology is based on a covariance stationary VAR:
where y t = y 1t , y 2t , . . . , y nt ′ is a vector of covariance stationary series Φ i , i = 0, 1, 2, . . . , p , denotes (n × n) matrix of parameters ε t is a (n × 1) vector of zero mean errors required to be independent and identically (iid) distributed with covariance
(1)
The moving average (MA) representation of the VAR in Eq. (1) is given as:
where Ψ i are (n × n) matrices recursively obtained from the equation
. . , µ is a (n × 1) vector of intercepts, and A 0 = I n , where I n is an identity matrix with dimension n . The spillover index is derived from Eq. (2) that forms the variance decomposition. Prior to the presentation of the diverse indices, the following pertinent notices are crucial:
(a) Own variance shares are described as the fractions of the H-steps-ahead error variance in forecasting y it that are attributed to shocks for y it , i = 1, 2, . . . , n. (b) Cross-variance spillovers are described as a share of the H-step-ahead error variance forecasting y it that are accrued to y jt , j = 1, 2, . . . , n , shock to such that i = j. (c) Based on the Koop et al. (1996) generalized VAR framework, H-step-ahead forecast error variance decomposition represented by θ g ij (H ) is obtained by where σ ij depicts the standard error of ε t for jth equation and e i is the selection vector, with one as the ith element and zeros otherwise. (d) Given that the sum of the contribution to the variance of the forecast error is not equal to one, which implies that n j=1 θ g ij (H) � = 1 ; Diebold and Yilmaz (2012) approach normalizes each entry of the variance decomposition matrix. The normalized H-step-ahead forecast error variance decomposition by Koop et al. (1996) is given by where n j=1 θ g ij (H ) = 1 and n i,j=1 θ g ij (H) = n by the construction. Thus, given these preludes, the total spillover index is deduced as: Equation (5) captures the total spillovers index. For our case, total spillover across 8 selected agricultural commodity prices and the consumer price inflation. The DY (2012) technique offers the opportunity to explore the flow of direction of spillover across inflation and the selected agricultural commodity prices under review. The directional spillover are of two divide namely "to" directional spillover and "from" directional spillover. The "to" directional spillover measure whether spillovers transmitted by all other variables to the considered variable. While "from" directional spillover accounts for spillovers (2)
received by one variable from all other variables. In this study case, we consider directional spillover received from inflation to the agricultural commodities is investigated and vice versa.
The "to" directional spillover is computed as while the directional spillover "from" is represented as and computed by the index given as:
Thus, net spillover can be computed as the difference between the "to" and "from" directional spillover indices. It is described as:
Our study considers a first order 9-variable VAR with 10-step-ahead forecast. Adequate diagnostic analyses are offered to affirm robustness of our estimation to avoid spurious analysis. The current study seek to leverage on the novel DY methodology to explain the current theme comprehensively to show spillovers to agricultural prices from price inflation and further illustrates consequences on food prices market.
Data and empirical results
This section proceeds with preliminary analysis on the selected agricultural commodity listed in Table 1 . To ascertain their statistical properties, our study leverage on monthly frequency data set from 2006M1 to 2016M7, which was retrieved from the African Development Bank (ADB) database.
The summary statistics of the interest variables and correlation analysis are reported in Table 2 . Noteworthy here is that all variables investigated are seasonally adjusted via census X-13 additive outlier approach. The graphical plot of the underlined variables is rendered in Fig. 1 , which shows the characterization of the series over the sampled period. Summary statistics given in Panel A of Table 2 show that all variable has an average between 5.2 and 6.2 with all series negatively skewed with the exception of maize. Thus, indicating non-normality across the variables, that is affirmed by the heavy tail exhibited by the series as reported by kurtosis. Jarque-Bera (JB) probability corroborates the non-normality distribution across the mean values of the variables being considered for our study for the period considered. The JB probability is rejected for cocoa, groundnut, soybean and barley crops while for JB probability could not be rejected for the case of maize, sorghum, rice, and CPI. Panel B of Table 2 renders the correlation relationship between the pairs of variables. Observed is a positive significant relationship is imminent. For example, the positive significant relationship is observed between cocoa and coffee, a similar trend is seen among barley and soybean.
Spillover analysis
This section focuses on the analysis of DY results. Using VAR(1) model chosen by the Schwarz Bayesian information criterion (SBIC) as the optimal and most parsimonious one, we perform the spillover analysis for a 10-step ( H = 10) forecast error variance decomposition following the majority of the previous studies (Salisu et al. 2018; Louzis 2012; Yilmaz 2009, 2012) . Table 3 presents the lag selection criterion and this is necessary to choose the most parsimonious and appropriate model. This is essential in our study in order not to estimate misleading regressions and analysis. The DY methodology is divided into two main sub-groups namely; (i) spillover analysis and (ii) rolling window analysis. The spillover analysis renders a single scalar
Table 2 (continued)
All the above-mentioned series were log transformed as well as seasonally adjusted with the exception of CPI with census X-13 with additive outlier option type. WH, SB, SO, RI, MA, BA, GA, and CO denote wheat, soybean, sorghum, rice, maize, barley, groundnut, and cocoa, respectively
Fig. 1 Time-series plot of variables under consideration
that are fixed values for the various indices over the considered period based on the full sample estimates. Thus, it helps to capture aggregate spillovers over the interest period. On the other hand, the rolling window analysis becomes handy where unprecedented events or episodes are observed. The rolling window helps to account for a deeper and intuitive dynamics. Both divides of the DY index complement each other where the rolling window stretches beyond the scaler values to unveil the cyclical and secular movement of spillovers from a particular period to another.
The spillover estimation as reported in Table 4 are computed for the entire sample period based on VAR(1) for 9 variables with 10-step-ahead forecast error. The table has both "contribution to others" derived from the sum of the off-diagonal column and in same fashion "contribution from others" which is the sum of off-diagonal of row. Both aforementioned directional spillovers could either be "directional spillovers to others" and "directional spillover from other" represents the contribution from others all available in Table 4 . Therefore, each value on Table 4 with the exclusion of the main diagonal value captures individual agricultural commodity prices spillover and inflation to the forecast error variance of the other commodity prices under consideration. Similarly, in the same fashion, each value in each row, with the exception of the main diagonal values helps to captures the amount of contribution of other agricultural commodity price spillover and inflation to the forecast error variance over the period under review.
There exists similarity between the spillover table and the input-output table as they share common features to show among investigated variables impact of shock and identify absorber and transmitter of shock among interest variables. Also, the spillover table also displays net spillover, which is computed by the difference between contributions from others, and contribute to others or vice versa (see Eq. 8 in the methodology section). Noteworthy here is that a positive value depicts that the commodity in our study case the various agricultural commodity prices and inflation has a greater influence on another commodity than it receives from them; thus makes the commodity less vulnerable to external shock. On the other hand, a negative magnitude implies that the commodity is a net receiver that is more vulnerable, that is responsive to external shock from other commodities and inflation. The total spillover index is a lump sum value computed Table 4 Spillover measures for agricultural commodity prices and inflation by the aggregate of contributions to others as a percentage of the sum of contribution including own shock. Thus, the total spillover offers the various directional spillover numbers into a single index number in percentage terms. Table 4 displays spillover calculations for the selected agricultural commodity prices under review and inflation for the full sample period.
The empirical results show that the total spillover index is 75.1% indicating a high level of interconnectedness among the investigated commodities prices and inflation. In other words, well two-thirds of the total forecast error variances across all investigated agricultural commodity can be attributed to a spillover effect. That is, overwhelming, over 75% of total variance forecast error during the investigated period is explained by shocks across the variance errors while idiosyncratic shocks accounts for 24.9% in our estimation.
The examination of the individual directional spillovers measures from other (row) excluding main diagonal shows that rice recorded the highest dedicated contribution to forecasting error variance of price inflation among the investigated commodities with 22.7% seconded by maize with about 22.2%. That is, shocks on rice are more likely to spill over to the other commodities as well as the general price inflation. Thus, shocks to rice exhibit more likely to affect the pattern of another commodity in the investigated area with 158.1% of the contribution to others and net spillover of 77.9%. Insightful in our results is that rice possesses the greater impact on the forecast error variance (column) with 10.9% distantly followed by cocoa and soybeans with 3.2% and 1.1%, respectively. A similar analysis holds for the other commodity prices. On the whole contribution from other records significantly high values amidst all commodity and inflation buttressing the high connectedness already established with wheat ranking highest followed by soybean, inflation and groundnut are least in this order. In other words, shocks to other commodity account for greater forecast percentage of the forecast error variance of wheat, soybean, rice, soybean, cocoa, and CPI than their own shocks while forecast error variance of groundnut and barley are considerably explained by their own shock. Thus, suggestively wheat is more vulnerable to shocks relatively to other variables investigated in the current study. These findings further give credence to the role cereal crops plays in the study area and global food commodity market. Finally, on the spillover table is the net spillovers section on the tail bottom of Table 4 . The net spillover shows that 4 of the investigated variables are net receivers (CPI and sorghum, soybean and wheat) while the remainder is a net giver. Thus, for the policy decision by government administrators are encouraged to pay more attention to major actors in the markets that are net givers, as shocks to such market will be transmitted to others. We find that price inflation is net spillover receiver, that is a 38.5% net spillover from the 8 commodities to CPI inflation, implying a commodity inflation pass-through to price inflation.
Rolling sample analysis
A glimpse on the "average" spillover effects over the full sample period is rendered by spillover analysis. Diebold and Yilmaz (2009 , 2012 expressed that the full sample spillover measures cannot explicitly reflect important secular and cyclical movement in spillovers. On these premise of the aforementioned bottlenecks, we offer a rolling window framework that allows for time-varying spillover indices, using a 40-month subsample in order to circumvent the earlier shortcomings of the spillover index, it is pertinent the rolling window analysis also help to holistically capture some episodes and events over the interest period under consideration. First, it is a matter of importance to check the way and pattern with which inflation spilled over to the agricultural commodities involved and how spillovers from the agricultural commodities affected inflation. Figure 2 reveals the presence of strong interdependence between inflation and other agricultural commodities. However, it is obvious that directional spillovers from inflation depict more several high episodes than directional spillovers to inflation. This being evident even from the spillover table as inflation exerts great influence on the agricultural commodities.
Further analysis from Fig. 3 affords us to investigate the net transmitters and receivers and their input to total spillovers via the net directional spillover. Our study identifies groundnut, rice, and inflation net spillovers as net receivers as they showed negative patterns between 2007 and 2016. On the other hand, soybean and maize were identified as net transmitters while wheat, cocoa sorghum, and barley exhibited mixed patterns. Interestingly, during the electioneering process in 2011, wheat was considered net receiver coincidentally, sorghum, barley, and cocoa were net spillover transmitter. It is worthy of mention that all investigated agricultural commodities exhibited significant spillovers after 2006-2008 food crises as well as global financial crunch period.
We proceed to plot the total spillover index as presented in Fig. 4 , the total spillovers start with about 89% and maintained such level before hitting around 85% as a result of the global meltdown crisis at that time. Immediately after 2008, the spillovers fluctuated between 80 and 85%. In 2009, there were high indications that oil and gas could no longer sustain the economy even as the petroleum subsidies became almost equal to the capital budget, hence, strong indications were made to deregulate the sector as well diversify the economy by giving special attention to the agricultural sector. This stern demand made the total spillovers hit a high of about 88% at that time. According to the National Bureau of Statistics, 2011 witnessed a high fluctuation of inflation and even this is evidenced in the agricultural commodities that saw the total spillovers fall to less than 80% as well as going as high as 90% in the very year. This being also an effect caused by the 2011 presidential elections. Around February 2012, the total spillovers fell to a dip of 75%, this being a resultant effect of the protest against the unanticipated shock that arose from the removal of petroleum subsidy that occurred on January 1, 2012, a day dedicated for new year celebrations. The total spillovers relatively maintained stability around 80% before hitting another low of about 71% around March 2015, this being an obvious effect of the Nigeria presidential election at that time. The 2016 recession also saw a level of spillovers to the tune of 75%.
Conclusion
We investigated the degree of interconnectedness between inflation and selected agricultural commodity prices in the face of the inflation-prone economy. Empirical analysis is based on newly developed forecast error variance decomposition framework of Diebold and Yilmaz (2012) . The DY methodology offers the all-requisite spillovers indexes. In addition to the reported single fixed spillover index, the rolling window analysis is added to affirm the robustness and reliability of all estimations as well as it helps to capture secular and cyclical movement such as striking events and episodes for more engaging arguments. Empirical results for our study span through 2006M1 to 2016M7 on a monthly frequency. The empirical analysis shows that the total spillover reveals an overwhelming high interdependency with 75% of the selected agricultural commodity prices and inflation over the investigated period considered is explained by spillover effects.
Our study further reveal that inflation, sorghum, soybeans, and wheat are net receivers while cocoa, barley, groundnut, maize, rice are net givers. These outcomes have inherent policy implication(s) for both end users and major actors in the agricultural commodity market for the case of Nigeria. Regarding the commodities that are net receivers, it implies that the spillover shock from those commodities are absorbed and not transmitted to the other commodities while the net givers are those that transmit spillover shocks when received. By and large, focus for policy-makers and government administrators in the agricultural domain is to gear concerted efforts to net givers as acclaimed by Yilmaz (2009, 2012) "It is better to give than to receive". Based on the study's empirical outcome, there is need on the side of government officials to underpin the movement of price inflation and food price volatility. This action is critical for more pragmatic policy construction given that food/crop prices are highly vulnerable to shocks form fluctuation in price inflation. Thus, it pertinent for government administrators is to have workable knowledge on the mechanism of price dynamics among the crop/food commodity process and key macroeconomic indicators like price inflation, exchange rate among others. This is in bid to foster robust agricultural sector and by extension food security in African market that need to be urgently insulated from externalities, which dampens its optimal price stability. The policy-makers should also be cautious on the interconnectedness of the crop/food commodity prices. A large shock in one of the commodities due to supply or demand conditions has potential to easily spillover to other commodity prices. This is certainly more apparent across commodity groups that are close substitutes. As a way for further direction for other researchers, we propose that this study could be extended by exploring the agricultural commodity market spillover and other determinants like climate change and even oil price.
